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Embedded Platform for Gas Applications Using
Hardware/Software Co-Design and RFID
Amine Ait Si Ali, Ali Farhat, Student Member, IEEE, Saqib Mohamad, Abbes Amira, Senior Member, IEEE,
Faycal Bensaali, Senior Member, IEEE, Mohieddine Benammar, Senior Member, IEEE,
and Amine Bermak, Fellow, IEEE,
Abstract—This paper presents the development of a wireless
low power reconfigurable self-calibrated multi-sensing platform
for gas sensing applications. The proposed electronic nose (EN)
system monitors gas temperatures, concentrations and mixtures
wirelessly using the radio-frequency identification (RFID) tech-
nology. The EN takes the form of a set of gas and temperature
sensors as well as multiple pattern recognition algorithms imple-
mented on the Zynq system on chip (SoC) platform. The gas and
temperature sensors are integrated on a semi-passive RFID tag
to reduce the consumed power. Various gas sensors are tested
including an in-house fabricated 4× 4 SnO2 based sensor and 7
commercial Figaro sensors. The Data is transmitted to the Zynq
based processing unit using a RFID reader where it is processed
using multiple pattern recognition algorithms for dimensionality
reduction and classification. Multiple algorithms are explored for
optimum performance including principal component analysis
(PCA) and linear discriminant analysis (LDA) for dimensionality
reduction while decision tree (DT) and k-nearest neighbors
(KNN) are assessed for classification purpose. Different gases
are targeted at diverse concentration including carbon monoxide
(CO), ethanol (C2H6O), carbon dioxide (CO2), propane (C3H8),
ammonia (NH3) and hydrogen (H2). An accuracy of 100% is
achieved in many cases with an overall accuracy above 90%
in most scenarios. Finally, the hardware/software heterogeneous
solution to implementation PCA, LDA, DT and KNN on the Zynq
SoC shows promising results in terms of resources usage, power
consumption and processing time.
Index Terms—RFID Tag, Zynq SoC, E-Nose, Real-time Pro-
cessing, Gas Sensing, Temperature Sensing.
I. INTRODUCTION
THE integration of sensors with wireless communicationtechnologies has recently gained a lot of interest among
various areas such as monitoring, security and logistics [1]–
[4]. Wireless sensing systems are usually powered by limited
or even no energy sources due to cost and maintenance con-
siderations. Thus, integrating sensors with the radio-frequency
identification (RFID) technology concentrates mainly on min-
imizing the power consumption leading to the concept of
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Sensor Tag [3]–[6]. The sensor tag is an RFID tag that
has sensing capabilities to monitor physical parameters while
supporting the same identification function of a normal RFID
tag [6], [7]. Both passive and semi-passive RFID tags are being
integrated due to their low power consumption where the tag
consumes an electric current as low as a few microamperes [1],
[3], [4], [8]. Actually, the passive RFID tags harvest the energy
from the RF signal of the RFID reader through rectifying the
incoming RF signal. Most sensor tags reported in the literature
has very basic sensing capabilities, such as temperature, and
are typically power-hungry. This is mainly the case because
the sensor tag technology is a very challenging concept not
only at the integration level but also in terms of specifications
[3].
Indeed, integrating sensors with RFID requires meeting
very challenging specifications and constraints. Firstly, the
sensors need to operate at extremely low power to avoid
affecting the tag lifetime or limiting its coverage range. For
instance, reported power consumption of temperature sensors
for RFID applications is around tens to hundreds microwatts,
which does not suite RFID applications [5], [7]. However,
gas sensors power demand increases to reach a few hundred
milliwatts making the integration of gas sensors on RFID
tags extremely challenging [9]. This increase is due to the
requirement of heating a sensing film at high temperatures
[9]. Secondly, the sensors deployed in RFID devices require
minimal or preferably no human intervention such as battery
replacement or sensors calibration. For instance, temperature
sensors often require gain and offset calibration [10]. Chemical
and gas sensors typically suffer from drift issues and sensor
poisoning, which is a gain and offset shift of the sensors
response after exposure to target species [11], [12]. Current
commercially available electronic nose (EN) systems require
frequent supervised calibration (sometimes on a daily basis).
This would be prohibitively expensive for RFID applications
involving a very large number of deployed sensors. In addition,
current chemical and gas sensors have limited sensitivity, an
inability to deal with non-stationary background odors and
are unable to discriminate between odor quality and odor
concentration. These power and calibration issues are real
obstacles that need to be addressed before the birth of sensor
tags and their deployment in large scale RFID applications
can truly be witnessed. A new generation of temperature and
gas sensors is therefore required in order to meet the future
demand of a low cost, reliable, real-time, portable and self-
calibrated multi-sensing platform.
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In this paper, a new generation of ultra-low power and
self-calibrated multi-sensing platform for RFID applications is
proposed and developed. The platform mainly focuses on tem-
perature and gas measurements that could be used in several
applications including gas processing, security and logistics
and shipment industries. The applications of this multi-sensing
platform can also be extended to include environmental moni-
toring and pollution control, which are important applications
globally. The objectives are: Firstly, develop an innovative
temperature sensor featuring compactness, ultra-low power
consumption and improved calibration capabilities. Secondly,
develop an innovative tin-oxide gas sensor featuring CMOS
compatibility, low power consumption and time-domain sensor
calibration using logarithmic read-out and ADC-free technol-
ogy. Thirdly, integrate both temperature and gas sensors into
a semi-passive RFID tag. Finally, develop a reconfigurable
SoC platform for real-time data processing, fusion, analysis
and classification to replace the used PC as shown later. The
remaining part of the paper is organized as follows: Section
2 is concerned with the literature review related to sensors
integration in an RFID tag as well as data processing and
gas identification. An overview of the proposed system is
presented in Section 3. Section 4 describes the implementation
of the system as well as the results, where Section 5 concludes
the paper.
II. RELATED WORK
Many researchers have already tried to integrate sensors in
an RFID tag such as in [13] where a carbon nanotube based
gas sensor is integrated into a passive and low cost RFID
tag. The sensor has been successfully tested to detect NH3
gas. However, considerable optimization and improvement is
to be done. Another similar work where a gas sensor based
on carbon nanotube is integrated into an RFID tag has been
presented in [14] and used for the detection of small quantities
of toxic gases like nitrogen oxide or ammonia. A temperature
sensor have been integrated into a passive RFID tag in [15], the
tag is tested and it achieves real-time wireless communication
with RFID readers and the operating temperature is between
−20 ◦C and 30 ◦C.
Many hardware based EN can be found in the literature. In
[16], a committee machine gas identification system and its
implementation on field programmable gate arrays (FPGA) is
presented. The major contribution is that the gas identification
system combines between five different classifiers to increase
the accuracy. The used classifiers include multilayer percep-
tron (MLP), Gaussian mixture model (GMM), radial basis
function (RBF), k-nearest neighbors (KNN) and probabilistic
principal component analysis (PPCA). Prior to the classifica-
tion process, data is normalized using euclidean normalization
to set a range of values for all sensors and principal component
analysis (PCA) is applied to reduce the dimensionality of the
output. It is worth mentioning that the highest accuracy of
95% is obtained when using the committee machine along
with 8 PCAs while individual classifiers accuracies are ranging
between 79.1% and 92.3%. The gas identification system
presented in [16] is also implemented on an FPGA. An MLP
based identification system and its implementation on FPGA
is presented in [17]. Similarly to [16], an array of eight
micro-hotplate-based SnO2 thin film gas sensors is used in
the EN to solve problems related to the non-selectivity issue
and euclidean normalization is used. However, the difference
is that MLP is used as a classifier achieving an accuracy
of 93.75% while using five neurons as output and eight as
input to match the five different gases and eight gas sensors
respectively.
Another hardware implementation of an EN is presented
in [18] and [19]. The innovation in this work is that a
logarithmic spike timing encoding scheme is used at the
pre-processing stage to create a unique signature for each
gas independently of its concentration. The logarithmic spike
timing encoding technique allows the conversion of signals
generated by an array of 16 sensors to successive 16 spikes,
each spike corresponds to a given sensor and will appear at a
specific time. The order and the time of appearance of spikes is
unique to each gas. The fact that the spike train (set of spikes)
is unique to each gas, a simple rank order technique can
be used to perform the classification. It is worth mentioning
that a classification accuracy of 88.6% is achieved with this
technique. The work presented in [20] is another example of
a pure hardware implementation of an EN on FPGA. The EN
uses decision tree (DT) as a classifier, linear (Axis-Parallel)
and non-linear (oblique) DT are evaluated. Performances are
estimated with and without PCA as a dimensionality reduction
technique. Results have shown that the best performances
are obtained when using four PCAs reaching an accuracy of
99.55% when using a linear DT and 94.55% when a non-
linear DT is used. It is worth mentioning that the only EN
implemented on hardware is the one based on linear DT and
without dimensionality reduction due to its simplicity.
Various software based EN can be found in the literature.
[21] presents a software based EN implementation. It is based
on the same type of gas sensors compared to [16] and [17].
However, it has double the number of sensors, which is 16.
The innovation in this work is related to the way data is
collected. In fact, data is generated by heating sensors multiple
times and generating responses at various temperatures. The
use of temperature modulation increased the number of 16
physical sensor to 12000 virtual ones. The self organized
maps technique is used to combine the 12000 virtual sensor’s
responses into a 2D image which will be representing the
gas signature. Image moments are then extracted from images
and used as features representing a given gas at a specific
concentration. Those features are used for classification. In ad-
dition, dimensionality reduction is applied before classification
using linear discriminant analysis (LDA). Finally, PPCA, MLP,
KNN, RBF, and GMM are individually assessed as classifiers.
The best accuracy which is 96.2% is reached when using
GMM.
A system to monitor odors is presented in [22]. The
system uses eight SnO2 based sensors. The development
of the neural-genetic classification algorithm which is the
combination between artificial neural network and genetic
algorithm represents the innovation in this work. In addition,
sensors’ responses are normalized to a 0-1 range. Noisy parts
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in raw signals are removed by using smoothed moving average
before the classification step. An accuracy of 95% is achieved
while it reaches only 91% for genetic algorithm and 82%
for artificial neural network when used separately. Classifiers
based on discriminant functions and density models are com-
pared and suitability for gas identification assessed in [23].
The density models are represented by generative topographic
mapping, GMM and KNN. The discriminant functions one
are represented by generalized linear model, MLP and RBF.
In addition, neuroscale, LDA and PCA are also assessed to
perform preprocessing and dimensionality reduction. The best
results are obtained when combining PCA and GMM with a
reported 92.7% accuracy.
In contrast to the work presented in [18] and [19], the
same authors developed in [24] an improved EN that does
not use the steady states as features. The proposed system use
exponential moving average to extract transient features which
are used for classification. The major advantage in using the
transient features over steady states is that those features are
obtained much earlier than the steady states which will speed
up the classification process even if this results in using a
vector of feature instead of a single value. Furthermore, the
system uses Bayesian inference along with random matrix
theory for classification purpose. An accuracy of 99.40% is
achieved with this method.
Probabilistic rank score coding is used in [25] to implement
an improved EN which uses rank orders. In the rank order
based technique, the gas signature is represented by temporal
spikes. The disadvantage of using spikes to identify gases
is that the variation in sensors’ responses when exposed to
same gas at the same concentration will result in temporal
variation in the spiking sequences. Therefore, performances
will decrease. Probabilistic rank score coding helps solving
this issue by generating a probability at each rank in a tabular
form. The classification stage takes into consideration those
probabilities. Two set of sensors are used to evaluate the
performances of this approach. It has been shown that a
100% accuracy has been achieved in both scenarios. [26]
is another work where the same probability rank tables are
used . Cluster-k-nearest neighbors (CKNN) and tree-CKNN
are two improved classification algorithms based on KNN
and presented in [27]. It has been claimed that both CKNN
and tree-CKNN perform better that KNN by reaching an
accuracy of 98.7% for CKNN and 100% respectively without
applying dimensionality reduction techniques as preprocessing
step. Another DT based EN is presented in [28]. Five gases
are targeted in this work and seven sensors are used.
III. PROPOSED SYSTEM OVERVIEW
The overview of the proposed multi-sensing reconfigurable
low power and self-calibrated platform for efficient gas mon-
itoring can be seen in figure 1. The platform is made of two
main parts: (1) the developed RFID sensing system using the
SL900A RFID tag that will store sensors’ readings and (2) the
proposed gas identification data processing unit, which is a PC
that runs Microsoft Visual Studio and MATLAB or the Xilinx
Zynq SoC for hardware acceleration. In between those two
TABLE I
SENSORS SPECIFICATIONS
Sensors Target Gases Concentration Power
(ppm) (mW)
TGS826 NH3 30-300 833
TGS2442 CO 30-1000 14
TGS2600 H2 1-30 210
TGS2602 C2H6O 1-30 280
TGS2610 C4H10 & C3H8 500-10000 280
TGS2611 CH4 500-10000 280
TGS2620 Alcohol & 50-5000 210Solvent vapors
In-house 4x4
CO 25-260
352H2 25-800
C2H6O 50-200
CH4 500-5000
parts, there are few commercially available items including
a ThingMagic M6e RFID reader and its antenna as well as
a mouse, a keyboard and a monitor to display the output of
the Xilinx SoC. The Arduino UNO microcontroller collects
temperature and gas data from the sensors to store them on
the SL900A RFID tag. Subsequently, the processing units gets
the stored data from the tag using the RFID reader and the
antenna. Using pattern recognition algorithms such as PCA,
LDA, DT and KNN that are either running on MATLAB
or implemented on the Zynq SoC based prototyping board
(ZC702) to process the data as fast as possible and perform
gas classification in real-time. For both processing units, the
acquired results are visualized on the monitor. It is worth
noting that the Microsoft Visual Studio is used to program the
ThingMagic M6e RFID reader as it is not compatible with
MATLAB.
IV. SYSTEM IMPLEMENTATION AND RESULTS
A. RFID TAG
1) Gas sensor: It has been decided to use an array of
sensors over a single sensor to overcome the non-selectivity
problem and for better performances in terms of gas discrim-
ination. Two sets of gas sensors are tested and evaluated,
one using a set of seven Figaro sensors [29] and the second
one using an array of 4by4 fabricated sensors [30]. Sensors
specifications in terms of target gases, typical concentration
detection range and power consumption are listed in table I.
The mention TGS refer to the commercial Figaro sensors
used to form the sensor array. The layout of the 4 × 4
sensor is made of 16 sections organized in four rows and
four columns where each section represents one sensor. To
modify the response of the SnO2 sensing film for each part,
a post treatment is performed during the fabrication process
to improve the selectivity by depositing various noble metal
additives on the sensing film. The post treatment is realized
by metal doping and ion implantation during the fabrication
process. Therefore, all presented results and performances
are related to the post treatment scheme. Three noble metals
(Platinum (Pt), Palladium (Pd) and Gold (Au)) are combined
with three ions (Boron (B), Phosphorus (P ) and Hydrogen
(H)). A summary of the post treatment is shown in table
II. It is worth mentioning the sensors use microhotplates
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Fig. 1. Overview of the multi-sensing platform
Fig. 2. Scanning electron microscopy picture of the fabricated gas sensor
element [30]
Fig. 3. Scanning electron microscopy picture of the fabricated 4 × 4 gas
sensor array [30]
TABLE II
4× 4 SENSOR ARRAY POST TREATMENT SCHEME
Row Column 1 Column 2 Column 3 Column 4
1 N/A Pt Pd Au
2 B Pt/B Pd/B Au/B
3 P Pt/P Pd/P Au/P
4 H Pt/H Pd/H Au/H
structures to increase the operating temperature, the cross-
sectional scanning electron microscopy picture of the MHP
structure is shown in figure 2, while the scanning electron
microscopy picture of the fabricated sensor element is shown
in figure 3.
2) Temperature sensor: A time to digital based digital con-
verter with a sub micro-watt power consumption, which makes
it suitable for sensing applications in low power environments
like RFID tags is presented here. A temperature independent
current is also generated in the front end and then used to bias
a voltage-to-time converter cell which generates a temperature
modulated output pulse. This pulse can then be digitized with
an external clock to obtain an estimate of the temperature.
Figure 4 shows the circuit diagram of the temperature sen-
sor. The proportional to absolute temperature (PTAT) and com-
plementary to absolute temperature (CTAT) voltages (VPTAT
and VCTAT ) are generated in a bipolar junction transistor
(BJT) based front-end (Figure 5). These voltages are converted
into a pulse using the voltage-to-time converter which consists
of a capacitor C, a continuous time comparator and a discharge
current source (Idis), which is implemented with a NMOS
transistor biased in subthreshold. The bias current (Ibias) for
the comparator is also derived from the BJT front end.
The output of the comparator is a pulse (Vout). In the sense
high phase, the switch S1 (implemented as a transmission gate)
is closed and the voltage VCTAT is sampled on the capacitor C
so that VX = VCTAT . As soon as sense goes low, the switch
S2 is closed, thus discharging the top plate of the capacitor.
When the capacitor voltage crosses the voltage at the negative
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Fig. 4. The circuit diagram of the proposed temperature sensor
Fig. 5. BJT based front-end schematic that generates VPTAT and VCTAT
input of the comparator, the output of the comparator goes
low and an output pulse is produced. The time period tC can
be written as in equation 1 (assuming an ideal comparator).
tc =
C(VPTAT − VCTAT )
Idis
(1)
It can be seen that if the discharge current is independent
of temperature, the pulse width, tc decreases linearly with
temperature, as long as the PTAT and CTAT voltages are linear
functions of temperature. In order to conserve power during
the sense phase when the voltage is being sampled on the
capacitor, the comparator is turned off. This is facilitated by
implementing the comparator as a switched opamp topology
MB2
MB3 MB4 MB5
MSW1
sense
MP1 MP2
MN3
VOUT
VDD
sense
MSW2
chop chop
chop
chop
Vbias
Vin
chop
MN1 MN2
Fig. 6. Switched opamp based comparator, incorporating chopping.
Fig. 7. Chip Micro-photograph
Fig. 8. Output pulse width of the temperature sensor.
(Figure 6). The supply current is switched off by means of
the MNSW1 transistor, which is controlled by the sense signal.
Offset is also a major issue in temperature sensors, since it can
introduce additional dependence of delay on temperature. The
effects of the comparator offset are alleviated by chopping the
comparator after every sense cycle. This is achieved by the use
of a chopping block at the input pair of the comparator. The
diode connected transistors MN1 and MN2 are also chopped
to maintain a high impedance node at the gate of MN3. All
the chop switches are implemented using transmission gates.
The chopping also serves to lower the effects of low frequency
noise.
The chip was fabricated in CSM 0.18 µm process. Figure
7 shows the microphotograph of the EN. The chip measures
340 µm × 155 µm (.0527mm2). A supply voltage of 1.2 V
is used. The sense signal is supplied through external clock
of 2 kHz bandwidth giving a sample rate of 1 kSa/s. The
actual sample rate is 100 Sa/s (after averaging). Nominal
power consumption is 510 nW at 27 ◦C. Figure 8 shows
the simulated pulse width across the three process corners:
Nominal , SS (Slow NMOS,PMOS) corner and FF (Fast
NMOS, PMOS) corner, for a range of 0 ◦C to 100 ◦C. The
sensitivity of the temperature sensor is around 1.3µs/◦C. Two
point calibration is used for the temperature sensor at 20 ◦C
and 60 ◦C. Calibration is achieved using the Ccal array in
figure 4, which is an array of capacitors whose size can be
varied by external digital signal bits < b0 : b3 >. Maximum
error is ±0.9 ◦C (Figure 9).
3) Hardware platform for semi-passive RFID with inte-
grated sensors: The proposed RFID design operates in a
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Fig. 9. Measured error across the temperature range for 3 samples.
semi-passive mode where an integrated battery or the micro-
controller are used to power up the SL900A RFID tag. The
SL900A RFID tag is EPC Gen2 standard compliant. The RFID
tag has a 9k-bit EEPROM memory with password protection
option. As shown in the figure, the design allows connecting
more external sensors if needed. The proposed design is dedi-
cated for use in smart RFID sensing platform, including semi-
passive and passive tags integration. The integrated circuit (IC)
includes sensor functionality and storing of sensor data. The IC
is running at 860-960 MHz frequency band and is compatible
with the EPC global Class 1 standard. The downlink (reader-
transponder) work based on amplitude modulation where the
uplink (transponder-reader) uses load shift keying modulation.
The maximum tag to reader data rate based on Class 1 Gen2
standard is found to be 640 kbps and the maximum reader to
tag data rate is 160 kbps [8].
In the proposed system, the RFID tag is powered using the
microcontroller. The microcontroller uses the SPI serial com-
munication interface to communicate with the RFID tag. The
collected data from the sensors is written in the EEPROM’s
USER memory bank where each EEPROM address holds one
byte of data. The size of the USER memory bank is 1051
bytes. Therefore, to store the data in the EEPROM, it should be
formatted into packets of bytes where the variables are broken
into several packets. Afterwards, the packets are stored in the
USER memory bank. However, the RFID reader should be
synchronized with the microcontroller to fetch the latest data
stored to satisfy the real-time system requirement. Therefore,
the first two bytes of the USER memory bank are used by the
microcontroller to store the address of the latest data stored.
Two bytes are required because the EEPROM has an 11-bit
address that points to the physical locations of the EEPROM
[8]. Subsequently, the reader reads these two bytes until their
values change. When the reader detects a change in the values
stored in the two bytes, the reader will jump to the identified
address and read the last data stored by the microcontroller.
This procedure works if and only if the RFID reader is able
to read the data stored in the two bytes several times before
the microcontroller updates the data. In other words, the time
that takes the RFID reader to read the data from the tag is
shorter than the time that takes the microcontroller to collect
the data and store it in the tag. Therefore, the reader is always
aware of the most recent data. Moreover, the aforementioned
synchronization method is very effective especially if the data
was not time stamped. It has been observed that the consumed
power by the microcontroller and the RFID tag is independent
from how frequently the measurements are acquired. This is
due avoiding the use of the microcontroller’s sleeping mode to
maintain the error free RFID communication using the stated
method earlier. The consumed power by the microcontroller is
304 mW while the consumed power by the RFID tag is 0.15
mW [8].
B. Data Processing Units
First, the system is implemented on a PC using both Mi-
crosoft Visual Studio and MATLAB. Microsoft Visual Studio
is used to program the RFID reader where the MATLAB is
used to process the data fetched through the RFID reader
from the RFID tag. However, the main aim of the work is to
develop another processing unit using the ZC702 prototyping
board [31]. The ZC702 board is based on the Zynq-7000 SoC
[32]. The Zynq-7000 SoC is made of a processing system
(PS) and a programmable logic (PL) in a single chip. The
PS holds two ARM Cortex A9 processors and is independent
from the PL. The PS also integrates external, internal memory
interfaces as well as other peripherals such us USB, Ethernet,
UART, CAN, I2C, SD/SDIO, SPI and GPIO. The PL is
based on one of the 7 series Xilinx FPGA and in the case
of the ZC702 board it is based on the Artix-7 FPGA [33].
Six different gases are targeted in total. Carbon monoxide
(CO), Ethanol (C2H6O), Carbon dioxide (CO2), Propane
(C3H8), Ammonia (NH3)) and Hydrogen (H2). The choice of
gases is for evaluation purpose, specific gases can be targeted
for specific applications where the EN system can be easily
adapted to handle new types of gases. It is worth mentioning
that various gas data sets are collected in laboratory and
used to train and test the system. The training is performed
offline in MATLAB while testing and validation is performed
both offline and online on the Zynq SoC platform. Various
pattern recognition algorithms have been explored for the
best performances including PCA and LDA for dimensionality
reduction as well as DT and KNN for classification purpose
as it can be seen in figure 10. In addition, the main feature
extracted from the sensors outputs signals for gas identification
is the steady states. It is worth mentioning that data is collected
for multiple gases at different concentrations to reflect the real
environment. The experimental setup is described in detail in
[36]. Training, validation and testing is then performed, and
results evaluated based on the entire dataset including all gases
and concentrations together. Therefore, performances are not
assessed separately for each concentration.
The performance of the proposed system is assessed by
its accuracy. The developed system is made of two core
components: the sensor tag (sensors and RFID tag), and
the data processing unit (gas identification algorithms). As
stated earlier, the sensor tag is responsible for acquiring the
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TABLE III
EN ACCURACIES FOR 4× 4 SENSOR ARRAY WHEN USING DT AND PCA
Classification scenarios
Steady-states 2-PCs 3-PCs 4-PCs 5-PCs
Accuracy 73.33% 80% 90% 80% 80%
TABLE IV
EN ACCURACIES FOR 7 FIGARO SENSORS WHEN USING DT AND PCA
Classification scenarios
Steady-states 2-PCs 3-PCs 4-PCs
Accuracy 99% 100% 99% 99%
readings from the sensors (temperature and gas sensors) and
then transmitting the data to the data processing units using
the RFID technology. However, if the received data from
the RFID transmission is not identical to the transmitted
data, the performance of the system is affected by the RFID
transmission. Therefore, the RFID transmission was tested and
verified to have no errors introduced while transmitting the
data (the received data is identical to the data transmitted).
Subsequently, the performance of the sensors in sensing the
temperature and gases and the data processing unit (algo-
rithms) in classification are what define and limit the accuracy
of the entire system. In other word, the use of the RFID tag for
communication did not affect the performance of the proposed
system.
The following equation 2 is used to compute the accuracy
of the various implementations. Tables III to VI shows the
accuracy results from MATLAB for the EN when using
both sensors (In-house 4 × 4 and 7 Figaro) along with two
different classifiers (DT and KNN) and a single dimensionality
reduction technique (PCA), the choice of presenting results
for PCA only came from the fact that the differences in
performances between PCA and LDA are not significant. It
can be seen in Table III that the best performance which is
an accuracy of 90% when using DT and the 4×4 sensor array
is obtained with the combination of the first three principal
components while for the case of the Figaro sensors using
the same DT classifier, the best accuracy of 100% is reached
with two principal components only as shown in Table IV.
A similar pattern is observed in Table V and VI when using
KNN as a classifier. The best accuracy of 96.7% is reached
for the 4×4 sensor array when using the first four principal
components and just the first two principal components for
the Figaro sensors with an accuracy of 100%. In both cases
the best results are reached when taking in consideration the
distance with the nearest neighbour only (k=1).
Accuracy =
Number of correct predictions for all gases
Number of all testing observations
×100
(2)
All best scenarios in terms of accuracy for different al-
gorithms have been implemented using the Zynq platform
and a heterogeneous Hardware/Software design solution where
TABLE V
EN ACCURACIES FOR 4× 4 SENSOR ARRAY WHEN USING KNN AND PCA
KNN Parameters Classification scenarios
Steady-states 2-PCs 3-PCs 4-PCs 5-PCs
K=1 78.33% 60% 71.66% 96.67% 96.67%
K=2 73.33% 78.33% 80% 81.67% 81.67%
K=3 71.33% 80 % 81.67% 81.67% 81.67%
TABLE VI
EN ACCURACIES FOR 7 FIGARO SENSORS WHEN USING KNN AND PCA
KNN Parameters Classification scenarios
Steady-states 2-PCs 3-PCs 4-PCs
K=1 93.33 % 100% 100% 100%
K=2 95.55% 100% 100% 100%
K=3 95.55% 100 % 100% 100%
multiple optimization techniques have been explored when
using high level synthesis [34] including array partitioning,
loop unrolling and pipelining. The first Unroll directive is
applied to loops and it is a very powerful directive. It allows
loops to be executed in parallel having dedicated hardware
resources for each loop. Array Partition is applied to the
input array which results in the breakdown of the array into
various sub arrays allowing multiple access in parallel. The
Pipeline directive is applied to the top level function to allow
pipelining of all instructions and sub functions existing inside.
The last crucial AXI Lite directive helps to connect various
IP-cores, especially the ones developed in Vivado HLS for a
heterogeneous implementation in the PL along with the PS.
Results in terms of resources usage as well as the maximum
frequency and the latency can be visualised in tables VII to X.
It can be seen from the tables that applying various directives
helps to improve the processing time. However, more resources
are used. An interactive software that uses all the mentioned
algorithms have been developed in [35]. More details about
the use of PCA and DT can be found in [36] while the details
about the use of LDA compared to PCA can be found in [37].
Finally, the implementation of the KNN classifier have been
discussed in [38].
V. CONCLUSION
A low power reconfigurable self-calibrated multi-sensing
platform for gas applications have been presented in this
TABLE VII
HARDWARE USAGE AND PERFORMANCE RESULTS FOR EN BASED ON
4× 4 SENSOR ARRAY, PCA 1, 2, 3 AND DT
Hardware resources
and performance
Optimization directives
Without Unroll Array Partitioning AXI Lite
Directives Loops and Pipelining Interface
BRAM 18K 0 0 0 8
DSP48E 15 15 136 68
FF 2089 1989 14730 9803
LUT 3925 4830 27208 14676
Max frequency (MHz) 142 142 142 142
Latency (clock cycles) 261 95 94 96
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OR
Figaro
Commercial 
Sensors
Vector of Size 7
In-house
4x4 
Sensor
Vector of Size 16
Sensing Part
PCA or LDA
Vector of Means Dimensionality 
Reduction
Matrix of Eigenvectors
Saved Model
Classification 
Offline
Training
Online
Identification
DT
DT or KNN
model
PCA or LDA
model
Fig. 10. EN building blocks
TABLE VIII
HARDWARE USAGE AND PERFORMANCE RESULTS FOR EN BASED ON
FIGARO SENSORS, PCA 1, 2 AND DT
Hardware resources
and performance
Optimization directives
Without Unroll Array Partitioning AXI Lite
Directives Loops and Pipelining Interface
BRAM 18K 0 0 0 0
DSP48E 10 10 84 84
FF 1640 1533 8387 8721
LUT 3042 3327 14764 15316
Max frequency (MHz) 142 142 142 142
Latency (clock cycles) 117 50 46 46
TABLE IX
HARDWARE USAGE AND PERFORMANCE RESULTS FOR EN BASED ON
4× 4 SENSOR ARRAY, PCA 1, 2, 3, 4 AND KNN
Hardware resources
and performance
Optimization directives
Without Unroll Array Partitioning AXI Lite
Directives Loops and Pipelining Interface
BRAM 18K 4 0 3 3
DSP48E 34 108 67 67
FF 4154 14524 8223 8259
LUT 6718 26182 12714 12754
Max frequency (MHz) 121 95 95 95
Latency (clock cycles) 3162 185 292 292
paper. The platform is made of two main parts, the sensing
part and the processing part. The sensing part takes the form
of a low power temperature sensor and an array of SnO2
gas sensors integrated in a semi-passive RFID tag based on
EPC Gen2 standard. The processing part takes the form of a
heterogeneous and reconfigurable platform which is the Xilinx
Zynq SoC. Various pattern recognition algorithms including
PCA, LDA, DT and KNN are implemented on this platform
for hardware acceleration and to perform gas identification
TABLE X
HARDWARE USAGE AND PERFORMANCE RESULTS FOR EN BASED ON
FIGARO SENSORS, PCA 1, 2 AND KNN
Hardware resources
and performance
Optimization directives
Without Array Partitioning AXI Lite
Directives and Pipelining Interface
BRAM 18K 4 0 0
DSP48E 24 133 133
FF 3350 35590 35626
LUT 5138 47765 47805
Max frequency (MHz) 121 97 97
Latency (clock cycles) 5338 214 214
in real-time. Finally, the heterogeneous hardware/software co-
design solution to implement PCA, LDA, DT and KNN on
the Zynq SoC as well as the integration of temperature and
gas sensors in an RFID tag show promising results in terms
of resources usage, power consumption and processing time.
It is worth mentioning that the best solution in terms of the
classifier to use or the choice of the number of principal com-
ponents as well the hardware directives will depend on the final
application and resources availability. The best solution is the
trade-off between the best accuracy, the processing time and
the resources available on the hardware. Someone may choose
the best accuracy scenario with the fastest implementation
for critical and vital applications while compromising on the
accuracy and speed is possible for other applications to be able
to save on hardware resources and power consumption.
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